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Abstract

This paperpresentsa techniquefor usingtraining data to
designimage filters for appearance-basedobject recogni-
tion. Ratherthanscanningtheimagewith a singlesetof fil-
tersandusingtheresultsto testfor theexistenceof objects,
weusemanysetsof filters and take linear combinationsof
their outputs. Thecombiningcoefficientsare optimizedin
a training phaseto encouragediscriminabilitybetweenthe
filter responsesfor distinct parts of the objectand clutter.
Our experimentson threepopularfilter typesshowthat by
usingthis approach to combinesetsof filters whosedesign
parameters vary over a widerange, wecanachievedetec-
tion performancecompetitivewith thatof anyindividualfil-
ter set. This in turn can easethe task of fine-tuningthe
settingsfor boththefiltersandthemechanismsthatanalyze
their outputs.1

1. Intr oduction
In recentyears,local-appearance-basedapproachesto ob-
ject recognitionhave shown greatpotentialto solve detec-
tion and poseestimationproblemsbecausethey combine
themodellingsimplicity of global-appearance-basedmeth-
ods[14] with the robustnessthey lack. An objectis repre-
sentedby the appearancesof its parts2 in a setof labelled
training images(Figure 1); finding the object in a novel
view begins with searchfor imagepatchescontainingthe
componentparts(Figure2). After thesesectionsof object
have beenfound,their relative positionsin the imagegives
evidenceto theposeof theobject[21] or thelikelihoodthat
thepartdetectionswerespurious[3].

In many approaches,componentappearanceis repre-
sentedby the responsesof imagewindows containingit to

1This work wassupportedby NSFGrantIIS-9907142.
2Throughoutthis paper, we usethe terms“part,” “component,” and

“section” to refer to any smallpieceof surfaceon theobject,not its func-
tional components(i.e. limbs, joints, etc.) For example,eachof the la-
belledrectanglesin Figure2 framesthe imageof whatwe call an“object
part.” Theterm“patch” alwaysappliesto images,not3D surfaces.

Figure1: Exampleimageswith objectpartslabelled.

oneor morefilters. A commonparadigmis to first gather
upexampleimagepatchescontainingthepartsandrunthem
throughthefilters; thefilters canthenbeappliedto a novel
imageandtheir responsescomparedto thosefor the train-
ing viewsto checkfor partmatches.Filter setsappropriated
for this purposeinclude convolutional kernelslike Gabor
wavelets[2] [13][18] andGaussianderivatives[18][2][17],
differential invariantsbasedon combining the outputsof
thosekernels[19], local eigenspaces/PCA[5][10][15], and
color statistics[22]. Eachcontainsdistinct characteristics
thatmake themadvantageous;for example,Gaborkernels
arewell-localizedin spaceandfrequency, invariantscantol-
eratetransformationsof the image,and local eigenspaces
minimizereconstructionerrorof thetrainingviews.

But noneof thesefilters are designedfrom the begin-
ning with componentdetectionin mind. Thoserelying on
pre-definedbanksof kernelsor statisticsarenotnecessarily
tunedto the appearancesof specificobjectsand environ-
ments,so if the designparametersof the kernelsare not
properlyset,it is possiblethatfilter responsesfrom distinct
object partswill be indistinguishablefrom eachother, or
thatoutputsfor backgroundclutterwill bethesameasthose
for the object to be searchedfor. Local eigenspaces,al-
thoughderiveddirectly from trainingviews,arenotnecces-
sarily tunedfor discriminabilityeither– they maximizethe
pooledcovarianceof all examplepatchesof all objectcom-
ponents,but do not necessarilyencouragediscriminability
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betweenthe different componentsand background. As a
result,implementationsrely on two typesof optimizations:
tuningthedesignparametersof thefilterssothatoutputsfor
distinct partsaredistinct, andadjustingthe settingsof the
classificationmechanismthatdecideswhichfilter outputsat
run-timecorrespondto whichsectionsof object.For exam-
ple, supposewe want to recognizeobjectsby usingimage
responsesto a setof Gaussianderivativesto tally votesfor
objectpartsin ahashtable,asin [17]. For somerecognition
scenariosit may be unclearhow to determinewhat Gaus-
sianstandarddeviation (later referredto asthe “width” or
“scale” of thekernel)will resultin responsesthatarewell-
clusteredfor the samecomponentand well-separatedfor
differentcomponents;it mayalsobe difficult to determine
how to sizethebinsin thehashtableto minimizeincorrect
votes.

Therearetwo commonsolutionsto this problem. First
is to discretizetherangeof reasonablefilter parameterset-
tings, run recognitionexperimentsusing eachsetting in
turn, and select the setting which gives the best perfor-
mance. Secondis to generatefilter responsesover many
parametervaluesfor thesameimagepatchat training time
and/orrun time. As an exampleof the secondapproach,
Schieleet al [18] gatherresponsesof training patchesto
Gaussianderivativesor Gaborkernelsat severalscalesoff-
line and comparetheseto the outputsfor a single scale
on a new image. Local eigenspacetechniques,on the
otherhand,tend to take the first approach,generatingfil-
ter responsesfor a singleparametersettingfor trainingand
testing[5][10][15].

We show experimentallythatby optimizing linearcom-
binationsof filter setsover a rangeof filter parameterswe
can achieve good part detectionperformancewithout re-
quiring a suiteof trial-and-errorexperimentsor training a
classifierwith multiple distinctsetsof responsesperpatch.
Furthermore,wedemonstratethatin somecases,theresult-
ing filterscanenhanceclassificationto adegreethatenables
simplerclassificationmechanismsat run-time. We empha-
sizethat this paperdoesnot proposea new functionalform
for imagefilters; rather, we introducea way to usetraining
datato automaticallycombinesetsof filtersof any typein a
way thatenhancesdetection.

We call the resultingfilters discriminantfilters because
thecombiningcoefficientsareoptimizedto discriminatebe-
tweenresponsesfor distinct object partsand clutter. As
anexample,to designtheGaussianderivativekernelsmen-
tionedearlierwe would synthesizemany filter sets,onefor
eachchoiceof Gaussianwidth overarangeof plausibleval-
ues.We thencomputetheresponsesof thetrainingpatches
to eachof the filter sets,and determinewhat the coeffi-
cientsof a linearcombinationof thosefilter setsshouldbe
so that the responsesfor differentobjectpartsarediscrim-
inatedfrom eachother, while responsesfor the samepart

Figure2: Detectionof a subsetof the partsfrom Figure1 andclutter
(marked “C”) in a novel image. For displaypurposes,we only searched
for six of the11 labelledsectionson this sideof themug. Thenumberof
rectanglesaroundeachcomponentis proportionalto theconfidencein its
classification.Note that thewindow on theupperleft portionof themug
is not mislabelledasclutter; sincenoneof thecomponentsof interestare
on thatportionof theobject,it is technically“clutter” for partsdetection
purposes.Resultsfor detectionof thecompletesetof mugpartsusingthe
approachdescribedin this paperarepresentedin Section4.

aretightly clustered.The discriminantfilter in this caseis
theresultof combiningtheGaussianderivativesusingthose
coefficients.

A survey of relatedapproachesto filter designis in Sec-
tion 2, followed by the formulationof discriminantfilters
in Section3. Detectionexperimentswhich apply discrim-
inant filters to threepreviously reportedimagefilters are
describedin Section4 anddiscussedin Section5.

2. Previous Work
To describetheproblemsettingmoreformally, westartwith�

setsof exampleimagepatches����������	
���
	�������	
�����
correspondingto views of

�
differentobjectsections.We

denotea setof � imagefilters asa function � which maps
a � -dimensionalspaceof image patchesof fixed size to
the � -dimensionalspaceof filter outputs.Our recognition
paradigmis to compute������� for all ��� � andusethese
outputsto train a classifierto correctlydetectwhennovel
responses�����"!#� correspondingto imagepatches�$! contain
someobjectpart.Thissectionreviewspreviousdesignsfor� andtheclassifier.

Several authors,including [5], [15], [20], and[10] pro-
posethe use of principal componentsanalysisto model
the local appearancesof components,much the way ear-
lier researchers[12] [14] modelledglobalappearances.An
eigenspacedecompositionis computedfor the set of all
trainingpatches(or Fourier transformsof themasin [10]),
and run-time parts detectionconsistsof projecting novel
imagewindows onto the first several significanteigenvec-
tors. Sinceprojectingpatchesinto theeigenspaceis a dot-
productoperation,the significanteigenvectorscan equiv-
alently be thoughtof as eigen-”filters” that are correlated
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with thetestimage.In otherwords,PCA techniqueswhich
project dataonto the first � eigenvectorscan be formu-
latedasan � -dimensional� . Local eigenspacesareanex-
cellentway to model the appearancesof componentsin a
low-dimensionalsubspacesincethefirst � principal com-
ponentsrepresentthebest � -dimensionalfit of all patches
in anSSDsense;however for our applicationwe aremore
interestedin discriminatingbetweensetsof imagepatches
than reconstructingthem. In particular, while eigenspace
techniquesmaximizethecovarianceof filter outputsoverall
classesof imagepatches,they donotnecessarilyencourage
partitionsbetweenthem.As a result,it is necessaryto tune
parametersof the PCA decomposition–namely, the image
patchsizeand numberof significanteigenvectors–to en-
surethateigenfilterresponsesfor differentobjectpartsand
for clutterarenot confused.Reasonablesettingsdependon
thescaleof objectfeaturesandviewing conditionssuchas
levelsof occlusion,noise,clutter, andlighting.

A more prevalent approachto filter designis to con-
structbanksof convolutionalkernelsbasedon criteria that
do not dependon individual instancesof trainingdata.Ga-
bor wavelets are an especiallypopular kernel choice [2]
[13][18] sincethey are localizedin frequency and space;
it is easyto synthesizea setof Gaborkernelsthatregularly
blanketsspatialandfrequency domains. Gaussianderiva-
tivesarealsowidely used[18][2][17] duein partto thefact
that responsesto them are equivariant to scale[18]; they
havetheaddedadvantagethatfilter outputsfor certaintrans-
formationsof the imagepatchescan be determinedauto-
maticallyby steering[7]. While thesekernelsform a math-
ematicallysoundway to representtheimagesignalpresent
in thepatches,responsesfrom themarenotnecessarilysuf-
ficient for discrimination; in practicewe will needto ad-
just theGaussianwidthsof thesefilters,andthefrequencies
of Gaborkernels,to ensurethat the informationextracted
from views of differentobjectpartsandcluttercanbedis-
ambiguatedfrom eachother.

Invariantsbasedonkernelresponsesarehelpfulsincethe
outputsfor the sameobjectcomponentwill not vary at all
whenthe imageof the part undergoescertaintransforma-
tions; for examplethe differentialinvariantsin “jet” space
computedby Schmidet al[19] will not changeif theimage
of the part undergoesa rigid displacement.Still, thereis
no guaranteethat for a particularsetof kernelparameters
theseinvariantswill be distinguishablefor differentparts.
Again, to ensurediscriminability, thesettingsof thekernel
bankmustbetuned.

Other image filters, for example thosebasedon local
contourinvariants[21], color invariants[22], andLaplacian
zero-crossingimages[11] couldsuffer thesamelimitation–
the parametersfor thesetransformationsmay needfine-
tuning to reduceconfusion betweenoutputs for distinct
components.

An expressive classificationmechanismmayaccommo-
dateimagefilters whoseoutputsarenot necessarilytuned
for discrimination. Mohan, for example[13], gets good
partsdetectionresultsusing Gaborkernel responsesclas-
sified by a set of supportvectormachineswith nonlinear
Mercerkernels,while Nelsonet al [21] achieve high per-
formanceusing contour invariantsand a hashtable. The
drawbackis thattheclassificationmechanismsaregoverned
by their own setof parametersthatmustbe tuned. In par-
ticular, the choiceof Mercerkernelandpenaltytermsfor
SVMs affect detectionandfalsealarmratewhile bin size
and policy for handingout votesare critical for indexing
schemesto perform well. Thereis evidencethat hashing
schemesin particularareespeciallysensitive to parameter
settings[8]. Worse,theeffect of filter designandclassifier
designon performanceis coupled–a changein thenumber
of eigenvectorsin PCA, for instance,may alter the design
of k-nearest-neighbordistancefunctionswhich analyzethe
filter responses.Our resultssuggestthat in somecasesdis-
criminantfilter responsescanclusterwell enoughthatsim-
ple classifierscanperform well– for example,we seeac-
ceptabledetectionresultsby fitting Gaussiandistributions
to outputs.

While discrimination-centeredtechniqueshave not yet
beenappliedto filter selectionin local-to-globalrecogni-
tion, they have appearedin globalapproaches.In theFish-
erfacesmethod[1], imagesof an entire object (facesin
this case)are projectedinto a low-dimensionalspaceus-
ing PCA, anda secondlinear transformationis determined
by optimizinga Fisherratio to encouragedisparateoutputs
for differentobjectsandsimilaroutputsfor thesameobject.
Our approachdiffers in thatwe take many imagetransfor-
mationsandcombinetheiroutputs,while Fisherfacesincor-
porateoneeigenspacedecomposition.

Meanwhile, in a number of texture segmentation
papers[16][23], local-level filters aretunedfor discrimina-
tion. Randenand Husøy[16], in particular, optimize lin-
earFIR filters for aparticularsegmentationscenariosothat
maximizingthe separationof their outputsto two textures
becomesaneigenvalueproblemsimilar to thatfoundin the
formulationsfor both Fisherfacesanddiscriminantfilters.
However, someaspectsof the segmentationscenarioand
assumptionsmadeby the authorsrestrict the applicability
of thisapproachto componentdetection.For example,Ran-
denandHusøyassumethatthetexturepatchesareseparable
autoregressive fields, while Weldon andHiggins[23] con-
siderpatchesthatarewell-modelledasadominantsinusoid
plusbandpassnoise.

3. Approach

For notational simplicity we illustrate the approachfor
the caseof discriminatingbetweentwo partswith image
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patches� � and � � . Ourgoalis to deriveafunction � which
maximizesthefollowing criterion:% � �& '�()&*& '�+�&�,�- (/. ' (/0 - +
. ' +21 ���3� � �546���3� � � 1 �, '$7 .98 ':( 0 '"+/;�< & ' 7 &�>= , - ( 0 - + . '$7�1 ���3�:���?46���3�"�@� 1 �

(1)
Thenumeratorsummarizesthedistancesbetweenprojected
patchesin ��� andprojectedpatchesin �A� andis analogous
to thebetween-classscatterof Fisherdiscriminants[6]. The
denominatorsummarizesthe distancesbetweenprojected
patchesin the sameset and is analogousto within-class
scatter. We assumethat two setswhosepatchesarewell-
separatedfrom eachotherwill betheeasiestto discriminate,
soweseeka � whichmaximizesthenumerator;at thesame
time,we assumethatwell-clusteredsetsof featuresrequire
simplerrepresentationsfor discriminationsowe want � to
minimizethedenominator.

We express� asa linearcombinationof m-dimensional
basisfunctions B?C :

�����:�2�EDGFIH F�J B?C"K#L2M@	 B?C$�3���A� NOOOP
Q � F �3���Q � F �3���

...Q�R F ���:�
SUTTTV

This representationis not a restriction;we canrepresentar-
bitrarily complex functions� providedthatwehaveasuffi-
cientnumberof uniquebasisfunctions.Each B C represents
onesetof filtersfor aparticularparametersetting;returning
to theGaborkernelexample,each B5C couldcorrespondto
a differentchoiceof envelopewidth, with each

Q�W F
being

a Gaborkernelwith that width andsomechoiceof orien-
tation andfrequency. Given a setof X basisfunctions B?C
for X differentparametersettings,we seekto find the set
of coefficients Y �[Z H � 	/H � 	 J�J�J 	/H]\9^`_ which maximizes%

. Substituting, F H F J B C KaL2M for � in (1) andrearrang-
ing terms,we seethatthenumeratoris equaltobc � � cdc � � c D F DGe H F H e�f � F e 46g J D F D�e H F H e�h �a� F ei D F DGe H F H e f � F e

andthedenominatorisj c ��� cglk �mg J D�FnD e H F H e�f � F e 46g J DGFoD e H F H e�h �p� F e �i j c �A� cglk �mg J D�FnD�e H F H e f � F e 46g J DGFoDGe H F H e h �p� F e �
where f�q F e � RD Wdr � D- ( . 's7 Q W F �3� � � Q W e ��� � �

and htq�u F e � RD Wdr � D- ( . 's7 0 - + . ':v Q W F �3� � � Q W e ��� � �
Theratiomaybeexpressedequivalentlyas% � Y _xw YY _]y Y (2)

wherew and y aren-by-nmatricessuchthatw �{z|	
�s�2� bc � � cdc � � c � f � F e 46g h �a� F e i f � F e �
and y �dz|	/�s�}� j c � � cg k �~g f � F e 4�g h �/� F e �i j c � � cg�k �~g f � F e 4�g h �/� F e �
The Y whichmaximizes(2) is theeigenvectorcorrespond-
ing to the maximumgeneralizedeigenvalueof w and y .
Note that the coefficients

f q F e
and
h q�u F e

which comprisew and y arereadilycomputedby evaluatingthebasisfunc-
tions B C KaL2M over all elementsof both sets � � and � � and
taking various dot productsand sums. The generalized
eigenvaluesof w and y maythenberecoveredusingwell-
establishednumericaltechniques.

This formulationis not restrictedto two-componentdis-
crimination. In thegeneralcase,thewithin-classdistances
in the denominatorwill be summedover all setsand the
across-classdistancesin thenumeratorwill besummedover
all pairsof sets,thusw �dz
	
�s�}� D' 7|�r ' v bc � q cdc � u c � f�q F e 46g htq�u F e i f�u F e �
and y �{z|	
�s�}� D '$7 j c � q cg k g f q F e 46g h q/q F e
To summarize,our problemof combiningbasisfunctions
to maximizedistancesacrosssetsof imagepatcheswhile
minimizing distanceswithin the setsreducesto evaluating
the basisfilters on the patchesin the setsandfinding gen-
eralizedeigenvalues. As a concreteexample,supposewe
would like to useavectorof differentialinvariantsbasedon
derivativesof a Gaussian(asin [19]) to detectcomponents,
but it is unclearhow to chooseoneor moreGaussianwidths
for thefilters. Welet eachB C correspondto onesuchvector
of invariantsfor a particularchoiceof � ; by varying � dis-
cretelyoverarangewearriveatasetof B C functionswhich
arecombinedusingthederivedcoefficients H .
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Figure3: A sampleof clutteredscenescontainingthemug.

4. Experiments
Wecollectedimagesof acommonobject(Figure3) in vary-
ing posesandlabelledthelocationsof selectedobjectparts
as in Figure 1. For eachrecognitionexperiment,we se-
lectedstandardimagefilters from the literatureandinstan-
tiated basisfunctions B C correspondingto a rangeof pa-
rametersettingsfor it. Given a subsetof the labelledim-
agesastrainingdata,we usedthebasisfunctionsto derive
discriminantfilter coefficientsasin Section3, andusedthe
remainingimagesfor evaluation.To placetheexperiments
in thecontext of previouslyreportedend-to-endalgorithms,
we traineda nearest-neighborclassifierbasedon filter out-
puts as in [2][19][10][4][14][15][1]. For comparison,we
alsotrainedGaussianclustersfor classificationaswell. This
sectiondescribesthedataandexperimentsin detail.

4.1. Data
We took 60 imagesof a coffeemugwith a hand-heldcam-
era.Of thesephotos,12 featuredthemugagainstaflat grey
backgroundand in the rest it was surroundedby a selec-
tion of clutter objects(Figure3). For eachof theseshots,
the camerawas at roughly the samedistanceand eleva-
tion from the object, but therewere still slight variations
in objectscaleandin all componentsof rotationsincethe
camerapositionswerenot carefullycontrolled.Theclutter
objectsmaintainedthe samespatialarrangementwith re-
spectto eachotherin 12of thepictures;for theother36we
movedthe piecesaroundbetweenframes. We labelled18
componentson the mug in every view (Figure1). Eachof
themappearedin at least20 images.

4.2. Experimental Procedure
For eachfilter basisandclassifier, we ran trials consisting
of thefollowing steps:� DataCollection

1. For eachpart,randomlyselect20 viewsof it and
partition themso that 75% (15 views) areused

for training,andtestingis doneon theremaining
25%(5 views).

2. Select100 image patchesof clutter at random
andpartitionthese75-25into trainandtestsets.� Training

1. Solve the eigenvalue problem for discriminant
filter coefficientsover thepartsandclutter train-
ing sets,treatingtheclutterasthoughit werean-
otherobject“part.”

2. Store the discriminant filter responsesfor the
training views and train a classifier basedon
them.

3. Store the filter outputsfor each B C on training
patchesandtrain a separateclassifierfor the re-
sponsesto eachB C .

4. Gatherup all responsesto eachseparateB?C and
train oneclassifierusingall of themtogetheras
exampledata.� Testing

1. Run testsetpatchesthrougheachof the B?C fil-
ters, computethe discriminantfilters response
from them,andprocessthe resultsthrougheach
of the classifiers. In the caseof the “all- B?C s-
at-once” classifier, we follow a strategy found
in earlierapproaches[19][18]: pick one B C and
computeresponsesfor it at run time.

We ran 25 trials of this sort for eachclassifierandfil-
ter basis. Specificcharacteristicsof our classifiersarede-
scribednext.

4.3. Classifiers
We representour setof w�� classifiersfor w�� objectparts
asfunctions �@�
��	/���
	 J�J�J ������� . To train, we optimizethese
functionssothat � � is high for imagesof component� . At
run timewegatherupall scores�@� � ���:�)	/� � �3���)	 J�J�J � ��� ���:�
�
for all testcases� andcounthow many correctclassscores
are above a certain thresholdversushow many incorrect
scoresareabove the samethreshold. In otherwords, this
assessmentis somewhat “pessimistic”asonetestexample
canaccountfor many falsealarms.

For k-nearest-neighbors,we computethefilter response�����:� for eachtestpatch� andfind the � trainingexamples� � ����� �� 	#� �� 	 J�J�J � �e � from eachclass � whoseresponses
areclosestto � . The classscore � � �3��� for � belongingto
class� is then� � ���:�2� D-@� .
� ��� �
�5�a4�� � 1 � � 4�� 1 � �
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Figure4: Imagepatchmodulatedby arangeof Gaussianenvelopes.For
eachGaussian,aPCAdecompositionis computedonthesetof all training
patchesmodulatedby thatGaussian.

We estimatethe parameter� for eachclassby brute
force at training time; for each � in class � , we compute� � �3����4l���9� � + �r � �~� � + ���:�#� for 50 different settingsof C
rangingfrom

b��s���
to
b��
�

. In the endwe pick the C for
which the medianof thesevaluesis highest. We empha-
sizethatwhile thisoptimizationis time-consuming,it is ex-
actly the sort of optimizationthat in somecasesa nearest-
neighborclassifiermayrequiretoensuregoodperformance;
thereareno theoreticalreasonsfor theexponentialin �G� to
takeon onevalueor another. In all experimentswe set � to
5.

To compareperformancewith a less-flexible, easily-
trained classifier, we ran trials in which we fit a Gaus-
siandistribution to filter outputsfor trainingdata. In other
words,theclassifierfor eachpart � is a Gaussianfunction:�G���3���2�I� b�� �mg��x�#�)� � 1�� 1 ��� � �
�5�#�#4 b@� g|�¡�3�x4�¢x� _ � � � ���x4�¢x�p�

andat training time we usefilter responsesto estimate
themean¢ andcovariance� . Sincethecovariancematrices� areestimatedusinga smallnumberof examplesrelative
to thedimensionof thefilters, we restrict � to bediagonal
asin covarianceselectionmethods[9].

4.4 Local Eigenfilters

The first setof experimentsemploys local eigenspacesfor
the filters. As in [5] [15][10], we want to collect all train-
ing patchesfor thevariousobjectcomponentsandperform
principalcomponentsanalysison them,but we would also
like to automaticallydeterminehow to incorporatemultiple
patchsizesinto our filters. To applydiscriminantfilters to
thisproblem,wesimulatesmallereffectivewindow sizesby
multiplying thepatchesby aGaussianenvelope.Depending
on thestandarddeviation of this Gaussian,moreor lessof
theperipheryof thepatchis setto zero(Figure4). We per-
form PCAonthesetof Gaussian-modulatedimagepatches
at trainingtime;at runtime,atestpatchis multipliedby the
sameGaussianandprojectedonto the first few significant
eigenvectors.

We assigneach B?C�KaL2M to a differentwidth of Gaussian
envelope,sothateachB5C�KaL2M correspondsto PCA on adif-
ferent effective window size. More formally, let £ ¤ de-
notea Gaussianwith zeromeanandstandarddeviation � ,
andlet the setof all imagepatchesbe �����@	p�"�|	 J�J�J � . If we
write ��¥ ¤� 	#¥ ¤� J�J�J ¥ ¤\ � for the first X principal components
of �@£ ¤ � � 	/£ ¤ � � 	 J�J�J � , thenwe set

Q W F �3���¦�§¥ ¤�¨W J £ ¤�¨ � .
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Figure5: ROC curvesusinglocal eigenspacefeaturesanda Gaussian
classifier. Solid curveson theleft andright show performanceof discrim-
inant filters usingeigenfiltersasa basis. On the left, onedottedcurve is
plottedfor eachparticularpatchsize. On the right, featuresfor all patch
sizesarecombinedat trainingtime,andfeaturesfor themedianpatchsize
areusedat run time. Detailsin thetext.

Thereare10 different B C filters, rangingfrom �©�ª�*g
« to�¬�Igs� « . Eachhas10 principalcomponents,resultingin a
10x10basis.

ResultsusingtheGaussianclassifierfor discriminantfil-
tersareplottedsolid on Figure5; resultswhereresponses
areextractedusingindividual B C filters areshown dotted.
Figure6 shows thesameplot for thenearest-neighborclas-
sifier. Comparingplots on Figure6 to eachother, we see
that discriminantfilters with a k-nearestneighborclassi-
fier canbecompetitivewith previouslocaleigenspacetech-
niqueswhich usek-nearest-neighbors,with the advantage
that multiple window sizes were incorporatedautomati-
cally. ComparingFigure6 to Figure5 suggeststhattheuse
of aGaussianclassifierdoesnotdegradeperformance,even
thoughits parametersaremucheasierto estimatethanthose
of k-nearest-neighbors.Furthermore,discriminantfilters
performanceis almostidenticalto thatof classifierstrained
on all patchesof multiplesizes.

4.5 Gabor Filters

Next we considerbanksof Gaborfilters, usedin a num-
berof recognitionmethods[13][2][18]. Gaborfilters aresi-
nusoidsmodulatedby a Gaussianenvelope;asabove, we
would like to usediscriminantfilters to determinewhatfre-
quenciesandGaussianwidths lend themselvesto effective
partsdetection.
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Figure6: ROC curvesusinglocal eigenspacefeaturesanda k-nearest-
neighborclassifier, asin Figure5. Detailsin thetext.
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Figure7: Examplesof filters from theGaborbasis,varyingby width of
Gaussianenvelope,frequency, andorientation.
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Figure8: ROC curvesusingGaborfilters anda Gaussianclassifier, dis-
playedasin Figure5. Detailsin thetext.

For theseexperiments,each B C consistedof a setof 4
Gaborfiltersorientedatevenintervalsbetween0 and� radi-
ans.The25different B C scorrespondto eachpossiblecom-
binationof 5 frequenciesrangingevenly from .2 to .5 and
5 Gaussianwidthsvaryingfrom .1 to .75(Figure7). All fil-
tershavea1:1aspectratio. As above,weuseddiscriminant
filters to derive4-dimensionalimagefeaturesover the4x25
basis,andtrainedGaussianandk-nearest-neighborclassi-
fiersto discriminatethemfor the18objectpartsandclutter.
Resultsareshown in Figure8 andFigure 9 (left). While
discriminantfiltersdonotperformaswell asthebestsingle
filter setwith aGaussianclassifier, theperformanceis com-
parable,anddiscriminantfilters achieve betterresultsthan
storingresponsesat multiple scalesat training time. As in
the previoussection,the key point is that we wereableto
computethediscriminantfiltersdirectly, ratherthanrunning
recognitionexperimentsfor eachparametersettingin turn.

4.6 Differ ential Invariants

Thenext setof experimentsis appliedto differentialinvari-
antsin “jet” space[19]. To computean X th-orderdiffer-
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Figure9: Left: ROC curvesusingGaborfilters anda nearest-neighbor
classifier. Thesolid curveplotsperformanceusingdiscriminantfilters; the
dottedcurve trainson all filter responsesfor all ­�® . Right: ROC curves
usingdifferential invariantsandnearest-neighborclassifier, displayedas
thegraphon theleft.

Figure10: A filter basisis constructedusingdifferentialinvariantscom-
putedfrom derivatives of Gaussiansover a rangeof Gaussianvariances.
Shown is ¯
°²±
¯�³G¯�´ over thatrangeof variances.

ential invariantfor an imagepatch,we convolve it with all
Gaussianderivativesup to order X andconstructinvariants
by multiplying andaddingthe resultstogether. As in [19],
our experimentsfocuson the useof 3rd-orderdifferential
invariantsunderthe rigid displacementgroup; thereare9
suchuniqueinvariants,so each B C will be 9-dimensional.
Theseinvariantsarecomputedusingderivativesof a single
Gaussian,so we immediatelyarrive at the problemof de-
termining what its standarddeviation shouldbe. In [19],
Schmidetal computetheinvariantsoverarangeof discrete
scalesat trainingtimeandatasinglescaleatruntime;here,
we applydiscriminantfilters to the problemof selecting�
so thateachpatchis representedby a singlevectorof out-
putsduring training. To do so,we selecta setof valuesof� andassigneachB C to computethedifferentialinvariants
for a particular � . We picked10 valuesof � rangingfrom
.15to .5,giving usa10x9filter basis(Figure10). As above,
we performed25 trials usingdiscriminantfilters and25 tri-
als eachfor the individual settingsof � , usinga Gaussian
classifier. Figure 11 shows that in this casediscriminant
filters perform as well as the bestsettingof � . Training
a nearest-neighborclassifierusingall invariantscomputed
for all scales,andat run time using the invariantsfor the
medianscale,givesresultsthatarecomparableto thosefor
discriminantfilters (Figure9,right). They arealsocompara-
bleto thosefor theGaussianclassifier, suggestingagainthat
it is possibleto achieveacceptablerecognitionperformance
by combininginvariantsat differentwidths automatically,
without training a classifieron responsesfor all possible
widthsseparately.
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Figure11: ROC curvesusinglocal differential invariantfeaturesanda
Gaussianclassifier. Solid curvesshow performanceof discriminantfilters
usingdifferentialinvariantsof varyingwidth asa basis.Left: OneDotted
curve is plottedfor eachwidth setting. Right: Featuresfor all widthsare
combinedat training time, andfeaturesfor the medianwidth areusedat
run time. Detailsin thetext.
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5. Summary and Conclusions
This paperpresentsan approachto the detectionof object
partsbasedon tunedimagefilters. Given an arbitraryset
of basisfilters andsetsof labelledpatchescontainingthe
parts,we derive thecombiningcoefficientsneededto max-
imize discriminationbetweenthefilter outputsfor thevari-
ousclasses.Initial detectionresultson realdataandimage
filters commonlyusedin the recognitionliteraturesupport
the validity of this technique.As opposedto previous ap-
proaches,thispapersuggeststhatit is possibleto deriveuse-
ful imageinformationfrom a linearcombinationof setsof
basisfilters which spana plausiblerangeof parameterset-
tings,ratherthanselectingonesettingor storingresponses
to all possiblefilters separately. Thefilters in turn canen-
able simple classificationmechanismsthat do not require
muchtuning.
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